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Outline Mobility Data Mining
-

Introduction
MDM methods

Clustering
Trajectory Pattern Mining
Prediction
MDM methods at work. Understanding Human Mobility
o Dimensions of mobility analytics
o Models of human mobility
o The Mobility Atlas

Module 3 Case studies

o OD Matrix, D4D, Sociometer,
0 Network& Mobility



Understanding Human Mobility: a long
path
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Moving Object Data

s Several domains:
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Complexity of the Moving Object Data

= Uncertainty

= Sampling rate could be inconstant: From every few
seconds transmitting a signal to every few days
transmitting one

= Data can be sparse: A recorded location every 3 days
= Noise

= Erroneous points (e.g., a point in the ocean)
= Background

= Cars follow underlying road network

= Animals movements relate to mountains, lakes, ...
= Movement interactions

= Affected by nearby moving objects
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What we search for

The novelty : BIG DATA
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What we buy

WIKIPEDIA

The Free Encyclopedia

Whom we interact with
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Why Mining Moving Object Data?
. 'Large amusion of mopie gevices,mopre o+

services and location-based services




Country-wide mobile phone data

Number of events

“. Service area delimit ™o Recorded path
» Mobile phone tower « Preferred position 7 g ~4 km



GSM roaming CDR data —




GPS tracks

Onboard navigation devices send
GPS tracks to central servers

Ide;Time;Lat;Lon;Height;Course;Speed;PDOP;State;NSat

8;22/03/07 08:51:52;50.777132;7.205580; 67.6;345.4;21.817;3.8;1808;4
8;22/03/07 08:51:56;50.777352;7.205435; 68.4;35.6;14.223;3.8;1808;4
8;22/03/07 08:51:59;50.777415;7.205543; 68.3;112.7;25.298;3.8;1808;4
8;22/03/07 08:52:03;50.777317;7.205877; 68.8;119.8;32.447,3.8;1808;4
8;22/03/07 08:52:06;50.777185;7.206202; 68.1;124.1;30.058;3.8;1808;4
8;22/03/07 08:52:09;50.777057;7.206522; 67.9;117.7;34.003;3.8;1808;4
8;22/03/07 08:52:12;50.776925;7.206858; 66.9;117.5;37.151,3.8;1808;4
8;22/03/07 08:52:15;50.776813;7.207263; 67.0;99.2;39.188;3.8;1808;4
8;22/03/07 08:52:18;50.776780;7.207745; 68.8;90.6;41.170;3.8;1808;4
8;22/03/07 08:52:21;50.776803;7.208262; 71.1;82.0;35.058;3.8;1808;4
8;22/03/07 08:52:24;50.776832;7.208682; 68.6;117.1;11.371;3.8;1808;4

Sampling rate ~3 secs
Spatial precision ~ 10 m






Urban Mobility Complexity:

vehicles
1
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Social networks
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I

Foursquare AP!: ( A
Tweet setmost kel _)ﬂ Foursquare Venue
Text/ Latitude / Longitude Jenue Name / Top Category
\,
4
Text: Hifolks! 3 g Name: La Fonda
lat: 41,34, Ing: 2,09 Top Category: Food
\, J

15



Research Impacts

= Moving object and trajectory data mining has many
important, real-world applications driven by the real need

= Ecological analysis (e.g., animal scientists)

= Weather forecast

« Traffic control

= Location-based services

= Homeland security (e.g., border monitoring)
=« Law enforcement (e.g., video surveillance)



outline
-

Introduction
MDM methods

Clustering

Trajectory Pattern Mining
Prediction

Semantic enrichment

MDM methods at work. Understanding Human Mobility
0 Dimensions of mobility analytics

0 Models of human mobility
a The Mobility Atlas

Module 3 Case studies
o OD Matrix, D4D, Sociometer, Correlation Patterns,
0 Network& Mobility



The (GeoP)KDD process

Mobile phone data, GPS tracks /.
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Data mining ...

... IS aBou! ||n5|ng man‘S !”a! emerge HIFGCHy ‘rom !”e

data
a Data-driven vs hypothesis-driven analysis
Local models

0 Patterns: find groups of items/events that frequently
co-occur in the data

Global models

a Clustering: find a natural partition of the data into
groups of similar objects

a Classification: find a function that predicts the value
of a specified variable given the values of the others



Trajectory patterns

Discover frequently followed itineraries




Trajectory Clustering

Group together similar trajectories
For each group produce a summary

Q = cell



Trajectory classification and prediction

Extract behaviour rules from history
Use rules to predict behaviour of future users

Q = cell



Trajectory data

- 0000000000000
Mobility of an object is described by a set of trips

Each trip is a trajectory, i.e. a sequence of time-
stamped locations
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Basic mobility patterns and
models

N « T-Cluster: represents a
P group of similar trajectories

. [I-Pattern: represents trajectory
segments that visit the same
sequence of regions with
similar transition times

« [T-Flock: represents trajectory
segments that move together for
a time interval
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Trajectory patterns

Are there groups of objects that move
together for some time?



essentially the same O
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Moving Clusters

= A moving cluster is a set of objects that move close to
each other for a long time interval

= Note: Moving clusters and flock patterns (see later) are

= Formal Definition [Kalnis et al.,, SSTD’05]:

= A moving cluster is a sequence of (snapshot) clusters
C,, C,, ..., C, SUch that for each timestamp i (1 < i< k), |
cNcql/lccUcy26 (0<6=<1)

26



Relative Motion Patterns

(Laube et al. 04, Gudmundsson et al. 07)

Flock: At least m entities are within a circular region of radius r and
they move in the same direction

Leadership: At least m entities are within a circular region of radius r,
they move in the same direction, and at least one of the entities
was already heading in this direction for at least s time steps

Convergence: At least m entities will pass through the same circular
region of radius r (assuming they keep their direction)

Encounter: At least m entities will be simultaneously inside the
same circular region of radius r (assuming they keep their speed and
direction)

27



Relative Motion Patterns

(Laube et al. 04, Gudmundsson et al. 07)

s Flock (m>1, r>0): At least m entities are within a circular region of
radius r and they move in the same direction

An example of a flock pattern for p,, p,, and p at 8" time step; also a
leadership pattern with p, as the leader

28



Relative Motion Patterns

(Laube et al. 04, Gudmundsson et al. 07)

Leadership (m> 1, r> 0, s > 0) At least m entities are within a
circular region of radius r, they move in the same direction, and at
least one of the entities was already heading in this direction for

at least s time steps

\ s

An example of leadership pattern with p, as the leader

29



Basic mobility patterns &

models: T-Flocks
]

Group of objects that move together (close to
each other) for a time interval

M. Wachowicz, R. Ong, C. Renso, M. Nanni: Finding moving flock patterns among
pedestrians through collective coherence. International Journal of Geographical
Information Science 25(11): 1849-1864 (2011)



Computing Flock Patterns

s Approximate flocks

=« Convert overlapping segments of length kto points in a

2k-dimensional space
=« Find 2k-d pipes that contain at least m points

a cylindrical region and
the intervals from the




Convoy: An Extension of Flock Pattern
(Jeung et al. ICDE'08 & VLDB'08)

At 01

AA4 4 loss

(a) (b)

t density connected

X
>

Figure 1: Lossy-flock Problem

Figure 4: An Example of a Convoy

=  Flock pattern has rigid definition with a circle
= Convoy use density-based clustering at each timestamp

32
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Trajectory pattern mining

Are there groups of objects that perform a
sequence of movements, with
similar timings though possibly during
completely dierent moments?



Q: What is a trajectory pattern?
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A: A spatio-temporal sequential
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tories

ajec

GSM tr

Simpler case

Y
O
0
O W
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G o
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1o)
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O o <
coT Q0
g P C
n o’

Each trajectory in the
database is a time-

A T-pattern is a

sequence of such
areas that occurs
often in the data with
similar travel time



Trajectory pattern
Ao > Ai > ... An-1 > An

t. = transition time
anormation

minutes

’ @ At = 35 minutes

Spatial information

. 20min. 65min.
Station ———— Castle > Museum




Discover frequent cells using a minimum support
threshold (4)




Discover frequent time interval using a tollerance (5 min):

t1
A
1. 1 1 o
2. 15 min 2 10 min B N
Y o 3. 25min Lo
4. 30 min 4 40 min L > t2




More complex case: GPS trajectories

Each trajectory in

the database is a M ooy
time-stamped | @ xa,y t4)
sequence of points:
<(XpY1th)s s (X Ynitn)> “‘,,..5(X3,y3,t3)

............. ..k.;z’yz,tz) i
In general, no Oty

predefined regions/ X

dareas



T-Patterns for trajectories

.
A Trajectory Pattern (T-pattern) is a pair (s, a):
Qs = <(Xy,Y0)s- Xi:Yi)™ IS a sequence of k+1
locations
a a = <aq,..., o> are the transition times (annotations)
also written as:

aq a9 g

(xo,y0) — (x1,01) — -+ — (T, Yr)

A trajectory t supports a T-pattern T, if t contains a sub-
sequence S such that:

o each (x;,y;) in To matches a point (x/',y,’) in S, and

0 the transition times in Tp are similar to those in S

Zes
¢
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Continuity issues (space & time)

- 0000000000000
What does “matches” mean in space/time?

0 The same exact spatial location (x,y) usually
never occurs twice

a The same exact transition times usually do not
occur twice

Solution: allow approximation
0 a notion of spatial neighborhood
2 a notion of temporal tolerance



T-Pattern: approximate
occurrence

43

Two points match if one falls within a spatial
neighborhood N() of the other

Two transition times match if their temporal difference is
ST A

trajectory

Example:

QX -

(0, y0) — (w1, ¥1)




T-Pattern: approximate
occurrence

44

Two points match if one falls within a spatial
neighborhood N() of the other

Two transition times match if their temporal difference is

ST
time
|_e input
trajectory
Example:

Ol

<
v
\—rN(Xo,Yo) X

QX -

(Zl;‘o, yO) — (131, yl)




T-Pattern: approximate

occurrence
+= |

Two points match if one falls within a spatial
neighborhood N() of the other

Two transition times match if their temporal difference is

ST
time
|_e input
T \__//0/ trajectory
Example: > /)
P
oL N(X1,Y1)l
o]
(0, y0) — (@1,41)

<
v
\—rN(Xo,Yo) X



T-Pattern discovery

1- Find Regions of Interest

—

2- Find similar Trajectory in space and time

time

|y input
trajectory

(04

Y ;‘t/_j:{_, N(Xo,Yo) X

3- Extract patterns:




Finding regions
A usage-based heuristic

(a) input trajectories (b) density distribution (¢) dense cells and extracted Rol
1. Impose a regular grid over space

2. Find dense cells (i.e., touched by many trajs.)

3. Coalesce cells into rectangles of bounded size

AV



Sample Trajectory-Patterns

Data ;’ource Truc in Athens — 273 trajectories)

t1in [400, 513 ]
t2in[41,61]

A->B->B and
A->B > B”

48



A T-pattern
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Characteristics of Trajectory-Patterns

= Routes between two consecutive regions are not relevant

These two movements are not discriminated

s Absolute times are not relevant

These two movements are not discriminated

1 hour at 5 p.nx
A > B
1 hour at 9 a.m.

vy

50
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Trajectory Clustering

Nanni, Pedreschi.

Time-focused clustering of trajectories of
moving objects.

J. of Intelligent Information Systems, 2006



Clustering: Distance-Based vs. Shape-Based

Distance-based clustering: Find a group of objects moving together
= For whole time span

= high-dimensional clustering

= probabilistic clustering
= For partial continuous time span

= density-based clustering

= moving cluster, flock, convoy (borderline case between
clustering and patterns)

= For partial discrete time span
= swarm (borderline case between clustering and patterns)
Shape-based clustering: Find similar shape trajectories
= Variants of shape: translation, rotation, scaling, and transformation

= Sub-trajectory clustering
52



T-clustering

Trajectories are
grouped based on
similarity

Several possible
notions of similarity
0 Start/End points

a Shape of trajectory
a Shape & time

Q Ete.

Time

ggggi, Pedreschi. Time-focused clustering of trajectories of moving objects. J. of Intelligent Information Systems,

Rinzivillo, Pedreschi, Nanni, Giannotti, Andrienko, Andrienko. Visually-driven analysis of movement data by progressive
clustering. J. of Information Visualization, 2008



Trajectory Clustering

54

Questions:

aW
aW
aW

nich distance between trajectories?
nich kind of clustering?

hat is a cluster ‘mean’ in our case?
A representative trajectory?




‘ Which distance?

= |
Average Euclidean distance (Spatio-temporal distance)

[ld@@).7,(0))
D(z,,7,) |, = T distance between

moving objects t1
“Synchronized” behaviour distance and t2 at time ¢

0o Similar objects = almost always in the same place at the same time
Computed on the whole trajectory

Computational aspects:

a Cost=0O([t1] + [2]|) (It] = number of points in )
a It is a metric => efficient indexing methods allowed, e.g. [Frentzos et al.
2007]



Average Euclidean Distance

Sincronized
1

Align point temporally
Dty 0) |y = Jrd(n(2). 1a(2))dr

7|
Eventually assign penalties to non matching
points
(t1) (t1)
(t3) ' (t3)

(t1) ) .
N N
13) (t4) 13y’ () ~,
o >0
)

(t4 (t4)



Common Destination

Select last point Plast for each trajectory
D(T,T") = Euclidean(Plast, P’last)

(t1)

16©




Common Origins

Select first point Pfirst for each trajectory
D(T,T’) = Euclidean(Pfirst, Pfirst)

(t1)

(t1) .
(t1) (t3) (t5) ”*“»‘::.-?

le) (11)
)

(18)C



Route Similarity

Alignment of points, multiple matches
Average Euclidean Distance

Penalties for non matching initial points (no
penalties for destinations)

(12)




Which kind of clustering?

co |
General requirements:

a Non-spherical clusters should be allowed
E.g.: A traffic jam along a road = “snake-shaped” cluster

0 Low Computaﬁé > P>
a Applicability to complex, possibly non-vectorial data
A suitable candidate: Density-based clustering

a OPTICS (Ankerst et al., 1999)
=  T(rajectory)-OPTICS



‘ A sample dataset
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T-OPTICS vs. HAC & K-means

o2 |
K-means HAC-average

Time Time

Time
Reachability plot

gTSE[)r?th.Cts reordering for distance -I-_O PTICS
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Density Based Clustering

Density-based
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Interactive density-based trajectory

clustering
.

Choose a distance function:

Clustered by OPTICS with distance threshold = 1200.0 and minimum number of objects = 3. Distance
function: Starts & end

(+ Route similarity:

(" Starts

" Ends

(" Starts & end

" Starts, ends & midpoints

" Starts, ends & time steps
" Spatio tempaoral synchronization
" AVG Euclidean temporal hased

" Route similarity & dynamics

oK | Cancel I LARply Put cluster numbers in a table column




Ad-hoc distance functions
I

Colocation — Start and End

a Link prediction, Inclusion

a Semantic behaviors, a Car Pooling Matching
0 GSM data Align to end —
Spatio-temporal a Incoming flows
Colocation — Align to start —

0 Link prediction, a Outcoming flows

a0 Semantic behaviors,
o GSM data
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Progressive clustering

First, create a large clusters of trajectories
using the “common ends” distance function,

Concentrate on the (big) cluster of inward
trajectories (routes towards the city center)

Refine by creating subclusters using a more
sophisticated distance function (route
similarity)
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middle: inward routes;

right: outward routes.



Analytical effect of progressive
clustering

_ Select a Cluster _
Clustering Data Clustering Data
(Common Destination) (route similarity)



Process Overview

Simple and very
efficient distance
measure

More selective and

particular distance

functions (or more
restrictive parameters)

Clusters

Knowledge




Derived patterns and models

Combination & refinement of basic patterns
and models

Group A Group A  Individual Mobility Profile:
routines consistently
Group B Group B followed by a single moving

Group C O bJ e Ct

« [I-PTree: predictive tree built
by combining T-Patterns




User’s Mobility Profile

Given the user history as an ordered sequence of spatio-
temporal points, we want to extract a set of routines in
order to create the his\ner mobility profile.

Where:
A Routine is a typical local behavior of the user.
A Mobility profile is the set of user’s routines



Discovering individual systematic movements
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Derived patterns and models:
mobility profiles

time
—

Group A

_}________
_}________

Group B Group B

Profile
extraction

User history Trips construction Grouping

Pruning

An ordered
sequence of

Cutting the user history when a
stop is detected

Performing a density based

. : Groups with a small
clustering equipped with a

Number of trips are The medoid of each

spatio-temporal spatio temporal distance Pruned group becomes
points. function user’s routines and
the all set become
the user’s mobility
Spatial Tollerance profile
Stops Spatial Threshold Temporal Tollerance Support Threshold

Stops Temporal Threshold Spatio temporal distance

-____________________________________l________

Trasarti, Pinelli, Nanni, Giannotti.
Mining mobility user profiles for car pooling. ACM SIGKDD 2011



Car pooling application

The user profiling might be deployed in a car pooling service which
provides a pro-active suggestions without the need for the user to
explicitly describe (and update) the trips of interest.

1/2(3(|4|5]|6
- : : 1 FIF|F|F
Matching of two routines:

T, = <p} .. .p,',) and Tz = <I’T) .. .p,",,) 2 - |FIFI|FIT

. - walking wastin . - 3|T|F F
contained(Ty, To, thy "2 thy 7" = 3i,je N |

D<i<jg<mA 4| F|F F

Dist(p},p?) + Dist(ph,p?) < thiet*na 5(F|F - F
) 2 . | 2 wasting

Dur(py,p;) + Dur(p,,p;) < thi,,. 6l FlTlFlFlF

Mobility profile share-ability:
mobility profiles Ty and T>
- | 0 [1/2
profileShare(Ty, Tz, thiyLggnen, thyee ™) = /3| - |0
I {pa’: T, | 3g€T2.5ha r-'(p.q.fllj;"":}:l'l:"i Jth :';‘:}:: ing l} I 1 0

| Ty |



Derived patterns and models: T-
Prediction Tree

Rule-based prediction model

Each T-Pattern is used as a
“Case”

Tree = combination /
simplification of a set of T-
=~ min

II: 3Mine. =
- 10 min s|
lSmi 7mlii 1 hour

Monreale, Pinelli, Trasarti, Giannotti.
Where Next: a predictor on Trajectory pattern mining. Proc. ACM SIGKDD 2009




Basic Idea: People move as the crowd
moves

How to realize this idea:

o Extract patterns from all the available movements in a certain area instead of on the
individual history of an object;

o Using these Local movement patterns as predictive rules.
o Build a prediction tree as global model.

Prediction Tree

Trajectorles dataset

Local patterns




Predict by means of T-Pattern tree

Given a new trajectory:
1. Search for best match
2. Candidate generation
3. Make predictions

Rt
Id:1 :g2 A :_g:a. 5 da
39'0 egion: egion:
233{;%"n%s [4,20 Support:28 Support:37
- 3 v
10,12 s A “""5' (8.70) 251)
[10.12) g6 Q-
Q\ A S l B
Support 26/ /1d: 7 Id ’ SupPort:31 1d:10 d:11

Reglon D Redn: - Region:E geglor;i!?n
Support:35 Support: 21 SUP n25 [10,56] Support:28 upport:

- Prediction

How to compute the Best Match?



Computing the path score

The path score is the aggregation of all punctual scores along a path.

Punctual score:

1 Punctual Score:

7 ,..

\Punctual Score: .8 767 Min

~ 58 - g 5 =~ \,17/0

TS .f/’ SS

8’;//7 s -7 /@(\ s

Oy, -7 N Path score

.79

The Best Match is the path having:

v the maximum path score;
v' at least one admissible prediction.



Derived patterns and models: T-
PTree

Example: Compare actual trajectory against
the T-PTree

0 Spatial and temporal S|m|Iar|ty used to choose
best “rule”

Colignola

min

| 10 mm.i -~ |
15 mi 7m|ii ~N iour




M-Atlas system

Download from: http://m-atlas.eu



The (GeoP)KDD process

Mobile phone data, GPS tracks /.
wsc f(@

Mobility
Data
Mining
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M-Atlas input

M-Atlas: An atlas for “urban mobility
behaviors”. A framework to query, analyze and
navigate the results on mobility data

M-Atlas

create Grid | Il ovaL console



M-Atlas platform

A tool kit to extract, store, combine different kinds of
models to build mobility knowledge discovery processes.




M-Atlas System
.

Centralized database which contains all the data,
patterns and models. It is possible to extend the
system with new algorithms and new data, pattern
or model types.

GUI
Controller [TH—" Controller

A

nager
G S
Mod | Patter
Typ

\
. Visual anguage
Renderer arser

onstructor Re
GUI ibrar ibrar ibrar Library M-Atlas Engine




Objects taxonomy in M-Atlas

[Spatial Object

We distinguish between models and patterns: a pattern is a representation of a
local property that holds over a sub-group of mobility data; a model is a
representation of a global property that holds over an entire dataset.



DMQL: Model constructors
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Trajectories

CREATE MODEL ClusteringTable MINE AS T-CLUSTERING

FROM (Select t.id, t.trajobj from TrajectoryTable t)

SET T-CLUSTERING.FUNCTION = ROUTE_SIMILARITY AND

T-CLUSTERING.EPS = 100 AND
T-CLUSTERING.MIN_PTS = 20

(8

|



The user Interface

N

The process tree

6 0 O

File Tools

which organize the

[ Datasets
9 @ Week 24

o g20-21
o 22 - 23
o= o Week 24 T
- & Week 24 F
o= & Week 24 S
o o Week 24 S

o o Week 24 Monday
o= o Week 24 Tuesday
9 o Week 24 Wednesd:

2 Change

analyses done

S

— The Map loaded from

Open Street Map and

composed by different
layers

i

T-Pattern

£

« T-Clustering

Mowve to Front
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Get script

Rename node

Split node \
Filter node

Remove node
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X

Pre-built tools.
Each one perform a set
of DMQL queries on the
selected node.
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Reasoning

DMQL Console

Each tool has a set of
parameters.
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Mobility Data Mining process as
a DMQL query

CREATE MODEL MilanODMatrix AS MINE ODMATRIX
FROM (SELECT t.id, t.trajectory FROM TrajectoryTable

t),
(SELECT orig.id, orig.area FROM MunicipalityTable orig),
(SELECT dest.id, dest.area FROM MunicipalityTable dest)

CREATE RELATION CenterToNESuburbTrajectories
USING ENTAIL

FROM (SELECT t.id, t.trajectory FROM TrajectoryTable t,
MilanODMatrix m

WHERE m.origin = Milan AND

m.destination (Monza, ..., Brugherio))

CREATE MODEL ClusteringTable AS MINE T-
CLUSTERING

FROM (Select t.id, t.trajectory from
CenterToNESuburbTrajectories t)

SET T-CLUSTERING.FUNCTION = ROUTE_SIMILARITY
AND

T-CLUSTERING.EPS = 400 AND
T-CLUSTERING.MIN_PTS = 5

CREATE RELATION DistributionCluster USING
CONTAINS

FROM (SELECT t.id, t.trajectory, c.cid FROM
Clusterin Table C, TraJectoryTabIetWHERE c.tid=t.id),
(SELEC * FROM Periods p)

WHERE cid IN (0,2,3)

jectories

! ow " g w

i i

2 60 z 60 z 60
b | Il ||II L, b | “l “Lll II I
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From DATA to KNOWLEDGE




Biblio
-

Octotelematics s.p.a.:

G. Andrienko, N. Andrienko, S. Rinzivillo, M. Nanni, D. Pedreschi, and F. Giannotti.
Interactive visual clustering of large collections of trajectorles In Visual Analytics
Science and Technology, 2009. VAST2009. IEEE Symposium on , pages 3{10, 2009.

F. Giannotti, M. Nanni, D. Pedreschi, F. Pinelli, C. Renso, S. Rinzivillo, and R.
Trasarti. Unve|I|ng the complemg of human mobility by querying and mining massive
trajectory data. VLDB J. , 20(5):695{719, 2011.

Fosca Giannotti, Mirco Nanni, Fabio Pinelli, and Dino Pedreschi. Trajectory pattern
mining. In KDD , 2007.

M.Nanni, R.Trasarti, G.Rossetti, and D.Pedreschi. Ecient distributed computation of
human mobility aggregates through user mobility proles. In UrbComp12 , 2012.

Roberto Trasarti, Fabio Pinelli, Mirco Nanni, and Fosca Giannotti. Mining mobility
user proles for car pooling. In Proceedings of the 17th ACM SIGKDD international
conference on Knowledge discovery and data mining , pages 1190{1198. ACM, 2011.

Monreale, A., Pinelli, F., Trasarti, R., & Giannotti, F. (2009). WhereNext: a location predictor on
trajectory pattern mining. In KDD '09 (p. 637-646).

Mobility Data. Cambridge Press:
Mobility Data Mining and Privacy



Mobility data: Modeling,
Managing and understanding,

|. Mobility Data Modeling and Representation
Trajectories and their Representations, S. Spaccapietra, C. Parent, L.
Spinsanti
Trajectory Collection and Reconstruction, G. Marketos, M.L Damiani, N.
Pelekis, Y. Theodoridis, Z. Yan
Trajectory Databases, R.H. Guting, T. Behr, C. Duntgen
Trajectory Data Warehouses, A.A. Vaisman, E. Zimanyi
Mobility and Uncertainty, C. Silvestri, A.A. Vaisman

Il. Mobility Data Understanding
Mobility Data Mining, M. Nanni
Understanding Human Mobility using Mobility Data Mining, C. Renso, R.
Trasarti
Visual Analytics of Movement: A Rich Palette of Techniques to Enable
Understanding, N. Andrienko, G. Andrienko

Mobility Data and Privacy, F. Giannotti, A. Monreale, D. Pedreschi
lll. Mobility Applications
Car Traffic Monitoring, D. Janssens, M. Nanni, S. Rinzivillo
Maritime Monitoring, T. Devogele, L. Etienne, C. Ray
Air Traffic Analysis, C. Hurter, G. Andrienko, N. Andrienko, R.H. Guting, N
D AT A Sakr
Animal Movement, S. Focardi, F. Cagnacci
Person Monitoring with Bluetooth Tracking, M. Versichele, T. Neutens, N.
Van de Weghe
IV. Future Challenges and Conclusions
A Complexity Science Perspective on Human Mobility, F. Giannotti, L.
st Pappglardo, D. Pedre_schi, D. Wang _ . . _
Mobility and Geo-Social Networks, L. Spinsanti, M. Berlingerio, L.
Pappalardo
Conclusions . Rensn S Snaccanietra F ZimAanvi




Giannotti - Pedraschi gds)
Mobility, Data Mining and Privacy

Thetahwalagiesof Nob koo nenkcation: 2ad ihige bz (0NY KNG parvada oo ety

204 wind i netwods sarse e TN of paoga 38d wahides, gneeat ing L vohres
ofmably cita. This s 2 500 80 of great oppartu st 284 risks: o8 onw 3de, N ag this dta
G redue mekd Knowiedge, 2. port 89 taira s mabiity and Inkl igent 10 eportad n
Stere; o8 e sther o, A0 |pfracy b 3 sk, 2x1he ok Rty data contain sareti
porsoaal afa et A sesv rutichripl iary nesearth 3 b emeaging at 1 s 0omds of
bl G2t rung, and rivacy

Thts boa t 280z this nesearch faater B 3 Compuier schnce pitspect s, micdgal g the
xarines sdant i andachealagicd brauc, spes prablanes, and £adnp Tha odtioes ranoge 3
rexanh project callad EaoPID [} Gaog @ phic Arivacy-Awa & Bncaviedgn O kmery aad Dafry
fancied by tha EU Cormra kxioe and vt ing &) researd ans o 7 cound iz, 3ad this beok
tighty Intagrates 2ad rfatws thel rincings b 13 chaptars com—ing 3| etatd s Marts, Iad sding
153 concaptsaf movcrant €223 284 kowiodgeckonary Nor reowrsiet &a; priocp-Jwas
guogray b brwiactya clarmecey; windkazs netwodt and st ganea in racbile dacte soghs;
tiafeciory data ok, syEkanes 38§ wasshouses; ) 110c) 384 scry aspats of tecinoke s 2ad
reltar sacd atices; querying, ol of 89 3 reaza of 9 o8 spalatongerd datx aadviadl ardl s
et hock for rersant data.

This boa't wil barat o horsand pract i nets 18 he kited 2862 of o putwr shenca,
guograp iy sadal xchnce, statitis, |, tekarnmus i ores andl trasportation an  sarng.

IS2N 078-3-540.76176.2

JIIINY

(sp3) 1psaIpag

K>eAud pue

bujuiy ezeq ‘“Ayjiqow

Fosca Giannotti

\ Dino Pedreschi (EW‘
\ -

Ny

Mobility, Data Mining
and Privacy

Geographic Knowledge Discovery




References: Moving Object Databases
and Queries

= R. H. Gueting and M. Schneider. Moving Objects Databases. Morgan Kaufmann,
2005.

= S.R. Jeffrey, G. Alonso, M.J. Franklin, W. Hong, and J. Widom. A pipelined
framework for online cleaning of sensor data streams. ICDE'06.

= N.Jing, Y.-W. Huang, and E. A. Rundensteiner. Hierarchical optimization of optimal
path finding for transportation applications. CIKM'96.

m C.S.Jensen, D. Lin, and B. C. Ooi. Query and update efficient b+-tree based indexing
of moving objects. VLDB'04.

= E.Kanoulas, Y. Du, T. Xia, and D. Zhang. Finding fastest paths on a road network with
speed patterns. ICDE'06.

= J. Krumm and E. Horvitz. Predestination: Inferring destinations from partial
trajectories. Ubicomp'06.

= E. M. Knorr, R. T. Ng, and V. Tucakov. Distance-based outliers: Algorithms and
applications. The VLDB Journal, 8(3):237-253, February 2000.

= L. Liao, D. Fox, and H. Kautz. Learning and inferring transportation routines. AAA/'04.

93



References on Moving Object
Pattern Mining (I)

M. Andersson, Gudmundsson, J., Laube, P. & Wolle, T., "Reporting Leaders and Followers Among
Trajectories of Moving Point Objects" , Geolnformatica, 2008.

M. Benkert, J. Gudmundsson, F. Hubner, and T. Wolle. Reporting flock patterns. Euro. Symp.
Algorithms’06.

M. Benkert, J. Gudmundsson, F. Hubner, and T. Wolle. Reporting leadership patterns among
trajectories. SAC'07.

H. Cao, N. Mamoulis, and D. W. Cheung. Mining frequent spatiotemporal sequential patterns.
ICDM'05.

M. G. Elfeky, W. G. Aref, and A. K. EImagarmid. Periodicity detection in time series databases. IEEE
Trans. Knowl. Data Eng., 17(7), 2005.

R. Fraile and S. J. Maybank. Vehicle trajectory approximation and classification. In Proc. British
Machine Vision Conf., Southampton, UK, September 1998.

F. Giannotti, M. Nanni, F. Pinelli, and D. Pedreschi. Trajectory pattern mining. KDD’07.

S. Gaffney and P. Smyth. Trajectory clustering with mixtures of regression models. KDD'99.

J. Gudmundsson and M. J. van Kreveld. Computing longest duration flocks in trajectory data.
GIS’06.

J. Gudmundsson, M. J. van Kreveld, and B. Speckmann. Efficient detection of patterns in 2d
trajectories of moving points. Geolnformatica, 11(2):195-215, June 2007.

H. Jeung, M. L. Yiu, X. Zhou, C. S. Jensen and H. T. Shen, "Discovery of Convoys in Trajectory

Databases", VLDB 2008. o



References on Moving Object
Pattern Mining (1II)

P. Kalnis, N. Mamoulis, and S. Bakiras. On discovering moving clusters in spatiotemporal data.

SSTD 2005.

V. Kostov, J. Ozawa, M. Yoshioka, and T. Kudoh. Travel destination prediction using frequent
crossing pattern from driving history. Proc. Int. IEEE Conf. Intelligent Transportation Systems,
Vienna, Austria, Sept. 2005

Y. Li, J. Han, and J. Yang. Clustering moving objects. KDD'04.

Z. Li, et al., “MoveMine: Mining Moving Object Databases", SIGMOD’10 (system demo)

Z. Li, B. Ding, J. Han, and R. Kays, “Swarm: Mining Relaxed Temporal Moving Object Clusters”,
in submission

Z. Li, B. Ding, J. Han, and R. Kays, “Mining Hidden Periodic Behaviors for Moving Objects”, in
submission

N. Mamoulis, H. Cao, G. Kollios, M. Hadjieleftheriou, Y. Tao, and D. W. Cheung. Mining,
indexing, and querying historical spatiotemporal data. KDD 2004..

M. Nanni and D. Pedreschi. Time-focused clustering of trajectories of moving objects. JIIS, 27
(3), 2006.

l. F. Sbalzariniy, J. Theriot, and P. Koumoutsakos. Machine learning for biological trajectory
classification applications. In Proc. 2002 Summer Program, Center for Turbulence Research,
August 2002.

l. Tsoukatos and D. Gunopulos. Efficient mining of spatiotemporal patterns. SSTD'01.

95



References on Outlier Detection

E. Horvitz, J. Apacible, R. Sarin, and L. Liao. Prediction, expectation, and surprise: Methods,
designs, and study of a deployed traffic forecasting service. UAI'05

E. M. Knorr, R. T. Ng, and V. Tucakov. Distance-based outliers: Algorithms and applications.
The VLDB Journal, 8(3):237-253, February 2000.

J.-G. Lee, J. Han, and X. Li, "Trajectory Outlier Detection: A Partition-and-Detect
Framework", ICDE 2008

J.-G. Lee, J. Han, and K.-Y. Whang, “Trajectory Clustering: A Partition-and-Group
Framework”, SIGMOD'07

X. Li, J. Han, S. Kim, "Motion-alert: Automatic anomaly detection in massive moving
objects", ISI 2006

X. Li, J. Han, S. Kim, and H. Gonzalez, “ROAM: Rule- and Motif-Based Anomaly Detection in
Massive Moving Object Data Sets”, SDM'07

J. Owens and A. Hunter. Application of the self-organizing map to trajectory classification.
In . 3rd IEEE Int. Workshop on Visual Surveillance, Dublin, Ireland, July 2000

96



